The target of this paper was to develop a forecasting model for district heating (DH) consumption using hourly heat consumption data from individual customers. The starting point of this research was that more accurate heat consumption data is now available directly from the customers and almost in real time. Earlier forecasting models have been based on overall production data for entire heating networks or sections. The forecasting model was constructed based on linear regression where outdoor temperature predicts heat consumption. Accuracy of the model was improved by adding the weekly rhythm of heat consumption to the model. The forecasting models were developed for nine different customers, four pairs of similar customers, and all customers summed together. The results show that the accuracy of the forecasting models varies when considering different customers and increases when the social component is also taken into account. The smallest relative errors are reached in the model where all customers are summed together. The temporal differentiation of the heat consumption of single customers implies that the overall consumption of a large set of customers taken in aggregate is rather stable.
Introduction
The first district heating (DH) network of Finland was established in 1940 in Helsinki [1] . In 2011 approximately 46 % of Finnish houses were heated with DH and in larger cities, such as Helsinki, the share of DH was more than 90 % [2] , [3] . Around 74 % of DH in Finland was produced in combined heat and power (CHP) plants [2] . The most important advantages of DH are high energy efficiency of the CHP production, low level of emissions, user-friendliness, possibility to use various fuels, and utilization of heat storages. The main disadvantages of DH are large investment costs, large consumption variations in different seasons, and heat losses of the heat network.
The DH network in Finland is a double pipe system where heat is delivered to customers as heated water. In the double pipe system the feed pipe takes the hot water to the customers and return pipe carries the cooled water back to the heating plant. The DH water circulates from the heating plant to the customers and back to the heating plant. The water is circulated with pumps which are located at the heating plant and in larger networks also along the DH network. The network's construction pressure is usually 1.6 MPa. The customers are connected to the network with an indirect connection. This means that the heat from the DH system is transferred through heat exchangers in buildings to secondary radiator circuits and to heat up domestic water.
The heat producer controls the feed water temperature according to the outdoor temperature with maximum temperature being 120 °C. The feed water temperature must be high enough to deliver the necessary amount of heat to the customers and to cover the heat losses of the network. On the other hand, the temperature should be as low as possible to minimize heat losses in the network and to allow maximal power production at CHP plants. Therefore, the temperature control curve of the heat producer determines a lower limit for the feed water temperature to satisfy customers' heat consumption. The temperature can be increased due to weather conditions such as increased wind speed and air humidity and, weather forecasts predicting significantly lower outdoor temperature, or if the network is used as heat storage.
The thermal energy consumed in district heated houses is computed based on three main measurements. These measurements are the mass flow of the DH water, and the temperatures of the feed and return water. From these measurements, the heat consumption meter calculates the thermal energy consumed. Traditionally customers have sent their heat meter readings to the energy company once a year. The problem of this arrangement has been that some of the readings will always be missing. In addition, the temporal distribution of consumed heat energy cannot be resolved.
In the near future, legislation will guide energy companies and property owners towards more developed measurement operations in DH and district cooling business as well as in electricity and gas business [4] . Many DH companies are moving towards remote meter reading, which means that the data of thermal energy consumed is sent to the energy company automatically. With remote meter reading, it is possible to get more accurate and real time energy consumption data from customers. Currently the meter readings are not monitored continuously and they are used mainly for billing purposes. Remote data could also be used by the energy companies to find faults in the network and to identify inefficient heat use habits of customers.
In addition to the benefits mentioned above, it is possible to utilize hourly heat energy measurements in many other ways. These possibilities include for example, verifying that accuracy of measurement data, to correct certain measurement errors automatically, and to monitor the network's state. In addition, it is possible to develop more accurate adaptive forecasting models, to plan the production more accurately and to optimize the network operation better. Remote measurement data also enables new dynamic pricing systems.
Forecasting models for DH applications have been studied in literature. DH forecasting models should normally consider at least two factors: outdoor temperature and the social component of the consumption. These factors have the greatest influence on the heat consumption [5] , [6] . The social component of the heat consumption indicates the behaviour of customers, which mainly concerns heating of domestic hot water. For this reason, the social component consists of annual, weekly and daily patterns. Inadequate consumption and weather data leads to inaccurate forecasting models which advocates for using simple forecasting models. [5] , [6] More accurate forecasting models have been developed where, in addition to the outdoor temperature and the social component, more specific weather conditions have been taken into consideration [7] , [8] , [9] . These weather conditions include wind speed and direction, solar radiation and precipitation. Beside these factors, different DH networks might include other characteristics, such as customers' special location geographically, which will affect the heating consumption. These factors are called stochastic factors. The effect of these kinds of phenomena at a large scale is small and hard to model explicitly with sufficient accuracy [5] .
Different methods to predict DH consumption have been used, such as linear regression model [6] , Grey-box method [7] , [8] , Box-Jenkins method [10] and cFIRmethod [11] . Production forecasting models for other applications have also been developed, for example to forecast the electricity consumption. Compared to electricity consumption, DH has a special factor which is the time delay between production and consumption. Taking time delay into account in the forecasting model improves its accuracy [5] . One possibility to consider the time delays in a forecasting model is to model the whole DH network based on the information available from the heat production companies. With this, it would also be possible to model and investigate heat losses in different parts of the network.
A common feature of the earlier forecasting models is that forecasting data is based on DH production data from heat producer to a larger area (city or neighbourhood). In this study we base the forecasting models on hourly customer measurements. More specific forecasts based on individual customer measurements may benefit both DH producers and single customers. For heat producer it enables better production planning and optimization. Customer and area specific forecasts allow the DH company to determine where and when it should produce heat and how it should use heat storages optimally. With heat consumption data from single customers it is possible to develop customer profiles for different customer types. With this information it is possible to develop forecasts for different existing and planned neighbourhoods as well as estimate the consumption of the customers for which measurement data is missing. For single DH customers, specific forecasts allow planning their own heat consumption and possible local production using e.g. heat pumps and solar collectors. Such benefits can be expected in the future when smart DH systems are fully available.
The premise of this research has been the availability of more accurate heat consumption data, directly from customers and almost in real time. The target of this research was to develop a forecasting model of DH consumption based on the data of individual customers. We wanted to find out if it is possible to develop more specific forecasting models for DH consumption based on hourly consumption data from individual customers. The forecasting model implemented in this research was formed using linear regression based on outdoor temperature data and the social component of the heat consumption. We did not have the information about the precise geographical location of the customers so it was not possible to take into account more specific weather conditions such as the effect of wind speed, solar radiation or precipitation to the heat consumption.
The remainder of this paper is divided into three sections. In Chapter 2 the source data and the methods used in this research are described. In Chapter 3 the main results of the research are given and discussed. In Chapter 4, conclusions are given.
Methods

Data used in the forecasting model
The data used in this research consists of hourly based DH consumption data from single customers. These consumers are customers of Helsingin Energia, the energy company of Helsinki producing electricity, heat and cooling for the city dwellers. The hourly consumption data is collected from apartment buildings built in different decades. The data covers the full year 2011.
The measurements collected from the customers are cumulative water flow (m 3 ), feed water temperature (°C) and return water temperature (°C). From these parameters the following data was calculated automatically and also received directly from customers: cumulative energy used (MWh), hourly consumed energy (MWh), and the utilization rate of consumed energy for every hour (scale from 0 to 1 as ratio of nominal maximum water flow).
Besides these, the hourly outdoor temperature of Helsinki was available for the same period of time as DH consumption data.
Initially we received data from 14 customers. To evaluate the quality of the data, each data series was first investigated graphically. Because the remote meter reading systems have been installed quite recently (and the work is still ongoing), the data series were more or less incomplete. Data for some days was missing from all customers. In addition, a few customers had even longer periods of data missing. These problems refer to either a centralized data acquisition problem of all customers or a data acquisition problem of single customer. Besides these, a small number of measurements for randomly placed individual hours were missing.
The main part of the missing data was for the summer period. This is why the forecasting model was developed only for the 'winter' period, middle of September to middle of May, when DH is mainly used in Finland.
However, in the case of three customers, some data was missing for a longer period of time. Customers 3, 4 and 14 were rejected from the study because the amount of data missing was more than 16 % (16.8 % -23.8 %). In addition, two customers (9 and 10) were rejected because the precision of the hourly metering values was not sufficient. Due to a scaling problem these measurements contained only one decimal precision.
In the end, nine customers were included in the study. Even then, some of the data was missing from single hours. These single missing data were replaced by interpolating between measurements from the previous and following hours. Table 1 presents the included customers and also lists the construction decade of the building, maximum water flow and the share of the missing data. Comparing to the earlier forecasting models concerning DH consumption found in previous studies, the amount of missing data is very small [7] , [8] . The most significant factor affecting the heating of the building is the weather. The yearly DH consumption fluctuates strongly and it follows the weather changes of different seasons, especially the outdoor temperature changes. The instantaneous consumption fluctuates more than monthly consumption. [1] As seen from previous studies, outdoor temperature affects the heating consumption the most [5] , [6] . The difference between indoor and outdoor temperature affects directly the amount of heat that is lost through convection and conduction through walls, floors and ceilings. Beside this, solar radiation and wind speed and direction affect the heat consumption. Direct solar radiation heats up buildings. Strong wind increases the effect of cold weather. It is challenging to model the effect of solar radiation and wind explicitly for DH forecasting models. Because we lack the information of the precise geographical location of the customers, the forecast models in this research are based on the outdoor temperature and the social component.
The social component of the DH consumption means that the consumption has a weekly and daily rhythm and it is the main factor to determining the heat consumption to produce domestic hot water. Typically the heat consumption decreases during the weekends. Hourly changing DH consumption typically has a morning peak, which is due to the peak of using domestic hot water and the starting of ventilation appliances in office buildings. The evening peak is mainly due to increased use of domestic hot water. In the night time the heat consumption is decreased due to less activity. Different types of customers and buildings, such as houses, office buildings and industrial sites, have different consumption behaviour. The weekly rhythm can be more clearly evident for the whole network including different customer types than for the single customers. This is because different customers have different consumption behaviour types which correlate in the larger scale.
Methods used for forecasting model
Regression analysis is a statistical analysis method describing how one variable depends on another. Linear regression is used to estimate the linear dependency of variables.
The forecasting model aims to explain the behaviour of the unknown quantity y in terms of known quantities x, parameters a and random noise e 
y=f(x,a)+e
Forecasting models can be classified according to the shape of the function f and in this paper the focus is on a linear regression model. The linear regression model can be written as a form of (2) This is a linear equation system with two unknowns and and one constraint x t for each period of time t. Because there are in general many more constraints than variables, this is an over-determined equation system and it can be solved in the least squares sense. Each equation has a specific error variable With matrix notations we can write the problem as (5) (6) Substituting e into the objective function yields an unconstraint optimization problem (7) Forming the derivative and setting it to zero gives the solution (8) In this study, heat consumption y is explained by a linear model based on the outdoor temperature x and determine the parameters using history data represented in Chapter 2.1.
Besides the outdoor temperature, we wanted to find out how much the forecasting model accuracy increases if the social component is included to the forecasting model. This was done by including the weekly rhythm of the heat consumption in the forecasting model in four different ways. The weekly rhythm was added in the regression formula (9) where is an average of each hours' (depending on the model) error classified hourly. The different models were: T Only the outdoor temperature was considered T168 The outdoor temperature together with a 168 hour weekly rhythm was used.
T72
The outdoor temperature together with a 72 hour weekly rhythm (working days, Saturdays, Sundays) was used. T168H Same as the T168 model, but midweek holidays were classified as Saturdays or Sundays. T72H Same as the T72 model, but midweek holidays were classified as Saturdays and Sundays.
In the fourth and fifth models the midweek holidays according to Finnish calendar were taken into account. Altogether in year 2011 there were nine midweek holidays which were considered as Saturdays or Sundays depending on the nature of the holiday. The assumption was that if the shops have been partly open in a midweek holiday, it was considered as Saturday. Other midweek holidays were considered as Sundays.
Five different forecasting models were estimated for all customers separately, for customer pairs and for all the customers together. Customer pairs were formed from the sum of customers which buildings were built in same decade. The customer pairs were customers 1 and 2 (built in the beginning of 1900), customers 5 and 6 (built in 1970s'), customers 7 and 8 (built in 1980s') and customers 11 and 12 (built in 2000) . Last, forecasting models were made for all the customers as a sum.
As stated earlier, only winter time was considered in this forecasting model and summer time from mid-May until mid-September was excluded. Also the period of 15.3.2011 5pm until 17.3.2011 7pm was excluded because most of the data was missing.
Methods used for estimating forecasting error
The accuracy of different forecasting models was compared with the N-1 method. This means that the forecasting models for each customer separately, customer pairs and the sum of all customers were constructed for the inspected period of time but week number 13/2011 was excluded. When the forecasting models were formulated, they were tested for the week number 13/2011 and the accuracy of the models was compared. The week number 13/2011 was chosen because in year 2011 it was a typical winter weather in Helsinki with temperature changing from -9.8 °C to +4.5 °C and the average temperature was -1 °C.
The accuracy of different models was compared using absolute and relative error of the measured and simulated values of the model. The relative error was calculated by dividing standard deviation with the average of measured values. 
where x i is the observation and n is the sample size.
Results and discussion
The first forecasting model (T) was implemented using only outdoor temperature data in the linear regression model. Figure 1 presents scatter charts of two customers' DH consumption as a function of outdoor temperature. When the outdoor temperature decreases, the heat consumption increases. These two customers were chosen as an example to show the difference between forecast models of different customers. For customer 1 the consumption points follow well the regression line and the error for regression is small. For customer 6 the scatter diagram shows that the error for regression is larger and the consumption points do not follow the regression line as well as for customer 1. If the summer period was included to the forecasting models, the temperature function for the whole year would be non-linear because the heat consumption for heating houses in the summer is low and in practice zero at temperatures above 17 o C. However, DH is needed also in the summer to provide domestic hot water. When summer is excluded from the forecasting model, the linear model approximates the relationship between heat consumption and outdoor temperature well.
After this, the social component i.e. weekly rhythm of the heat consumption was added to the forecasting models. The weekly rhythm was taken into account in four different ways as described in Chapter 2.3. Figure 2 shows the measured hourly consumption of customer 1 ("Measured") for week 13/2011. The outdoor temperature of the selected week (secondary axis) demonstrates typical winter temperature range in Southern-Finland extending from +4.5 °C to -9.8 °C. The measured hourly consumption curve shows the typical consumption rhythm for the week with the morning and evening peaks. For this customer, the heat consumption increases at the end of the week, which is explained by decreased outdoor temperature. Figure 2 presents also simulation results of three different forecasting models. The first forecasting model T, based on only outdoor temperature data shows that it estimates the consumption quite well, but most of the consumption peaks are underestimated by the model, whilst for the consumption peaks on Friday and Saturday the forecast gives too high values. The relative error for this model was 9.5 %. Consumption peaks can be reached with better accuracy when the weekly rhythm is included in the forecasting model. The model T168 with weekly rhythm of 168 hours gives relative error of 7.69 %. In the third model T72, where the weekly rhythm is considered as working days, Saturdays and Sundays are modelled even more accurately, with a relative error of 7.15 %. The models T168H and T72H where the midweek holidays are included gave almost identical results as without the midweek holidays. For better clarity, these results are omitted from Figure 2 but the results can be seen in Table 2 . Table 2 summarises the relative and absolute errors of all different forecasting models for different customers, pairs of customers and all customers summed together. The relative error in the T-models for individual customers varies from 9.50 % to 26.74 %. Variation is quite large which is due to differences among customers. The accuracy of the forecast for small customers with small water flow (5 and 6) is worse than for big customers (1, 8 and 11) . Outdoor temperature ( C)
Including the weekly rhythm brings more accuracy to all forecasting models. The results are 2.35 -6.91 percentage points better when the weekly rhythm is included depending on the customer and the model type. The accuracy of the models including weekly rhythm varies depending on the customers. This is because different customers have different user habits. For example the accuracy of predicting the consumption of customer 7 improves almost 7 percentage points when the weekly rhythm is added to the model. But for customer 6, the accuracy improves only about 2 percentage points and the prediction accuracy is low in every model. Table 2 also shows that the forecasting models for individual customers are worse than for pairs of customers or for all customers summed together. As the heat consumption of single customers does not typically coincide with one another, the consumption of a larger set of customers is evened out and the relative prediction error is made smaller. It is difficult to compare the accuracy results with earlier studies, where forecasting is based on DH production data because the forecasting methods, network size and examination periods vary [5] ¸ [6] . However, it seems that the forecasting models developed in this study using consumption data from customers are competitive with earlier studies. For the sum of customers the relative error was even smaller than in earlier studies.
Conclusion and future work
In this study forecasting models for DH consumption were developed using hourly heat consumption data from individual customers. The models were constructed based on linear regression using the outdoor temperature data and the social component of the heat consumption as explaining factors.
The results show that accuracy of the forecasting model varies depending on the customer. The forecasts tend to be more accurate for bigger customers, and aggregated groups of customers. In the best cases, a rather simple model was shown to predict the heat consumption with good accuracy. The forecasting model for the sum of nine customers was very accurate and the relative errors 1  6  11  16  21  26  31  36  41  46  51  56  61  66  71  76  81  86  91  96  101  106  111  116  121  126  131  136  141  146  152  157  162 were smaller than in earlier studies. This may be due to better quality source data and the fact that the (temporal) mismatch between production and consumption does not disturb the model. In future we will continue developing DH consumption forecasts for single houses and other types of buildings as well. This would allow the development of different kinds of consumption profiles. Such profiles can then be aggregated into forecast models for existing and planned neighborhoods. Consumption profiles would also allow estimating the consumption of customers with missing measurement data. Table 2 . Relative and absolute errors of different forecasting models.
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